This paper aims to detect climate change points and compare the extreme temperature changes with the average-value changes in the Amur River basin. The daily air temperatures of 44 stations in the Amur River basin were collected from April 1, 1954, to March 31, 2013. The change points for annual mean and extreme temperature in 44 individual stations and their average were detected by the Mann-Kendall test, respectively. The annual mean temperature changed during 1980s in terms of increased mean value and relative stable standard deviation. The annual maximum temperature from 31 stations mostly located in the central and northwest basin changed significantly, and their change points occurred mainly in 1990s. For the annual minimum temperature, 32 stations mainly located in the central basin had significant changes. The generalized extreme value distribution was fitted to the postchange point subseries of annual extreme temperature and the parameters were estimated by the maximum likelihood method. The 10/50/100-year return levels were estimated by the method of profile likelihood. For the areas in the central and Northwestern basin, the probability of occurrence of hot extremes increased, while the occurrence probability of cold extremes was decreased in the central basin under climate change.
Introduction
Climate change is an important global issue among international communities and academic researchers. A large number of studies have focused on analyzing variations of temperature in different places [1] [2] [3] . However, research on the effects of climate change on the international river is limited, and the potential impacts of climate change on water resources will lead to significant challenges to water resource protection and management of the nations sharing the same river basin, even conflicts and wars, especially in Middle East and Africa [4, 5] . For the Amur River basin, Yu et al. [6] observed an increasing trend in the annual mean temperature series by Mann-Kendall test method (M-K), and Novorotskii [7] confirmed that the rising trends of cold seasons (winter and spring) were greater than warm seasons (summer and autumn) by statistical analyses of monthly mean temperature in 16 observation stations. However, studies comparing extreme temperature changes with average-value changes are still very scarce. There is a general agreement that the increasing temperature has direct influence on the changes in temperature extremes and gives rise to aggravation in the frequency and intensity of extreme climate events such as rainstorm, drought, and flood [8, 9] . Many studies present that extreme climate events are more serious threats to keep human and natural systems in a fit condition than the average behaviors [10] . The interest focusing on extreme temperature and its variation has increased over the world [11] . In fact, as two aspects of the most studied extreme events, the occurrences of high and low temperature severely influence agriculture, human health, demand for energy, water resources, and the availability of drinkable water, among others [12] . Under climate change, or global warming, little changes in the mean value of temperature can lead to large variations in the scale and frequency of extreme events including extreme temperature [13] . Accordingly, it is indispensable to explore the variation characteristics of the extreme temperature compared with the mean value in the Amur River basin. Climate change was first detected using the annual temperature data. For a river basin, the changes of both local and regional temperature should be taken into consideration. In that sense, the regional temperature was obtained by averaging the recorded value of 44 stations. Then the change points of annual mean and extreme temperature for individuals and region were detected by Mann-Kendall test, respectively, and finally, the descriptive statistics of subseries before and after change point were analyzed. Spatial distribution patterns were derived through interpolation using the Co-Kriging Considering Altitude (CKCA) method [14] [15] [16] , which has a better interpolation accuracy than other common interpolation methods by cross-validation, as seen on subareas of the Amur River basin [14, 15] .
The extreme value theory consists of two aspects of general definitions of extreme events. The first one is to group the data into blocks with equal length and pick up the maxima (minima) in every block such as monthly maximum 1-day rainfall and annual minimum wind speed, and the other one is to extract values over a proper threshold such as annual flood damage over 5 million dollars and daily rainfall amount above 20 mm [17] [18] [19] . Following the first definition, data is extracted to the annual maxima (minima) and forms the annual maximum (minimum) temperature series (AMTS). In this paper, it is appropriate to use the generalized extreme value distribution (GEV) to fit AMTS, and the chi-square goodness-of-fit test is employed to measure the rationality and accuracy of fitting. As a matter of fact, the GEV distribution has been widely used in climate extreme value analyses all over the world [20] [21] [22] [23] [24] [25] , including AMTS [2] .
The objective of this study was to estimate temperature change and annual extreme temperature analysis from April 1, 1954 , to March 31, 2013 , in the Amur River basin. Understanding the climate change and the variation of the extreme temperature of this basin will be a foundation to solve problems related to water resources and environment preservation. The paper is organized as follows: a description of the study area and data are given in Section 2. The methods used in this study are given in Section 3. The annual mean temperature change is analyzed in Section 4.1. The GEV distribution is applied to the extreme temperature considering change point in Section 4.2. Some conclusions are given in Section 5.
Study Area and Data

Study Area.
The Amur River (Figure 1 ), or Heilongjiang in Chinese, is both the eighth longest and tenth largest river in the world and also the most important international river in East Asia. The Amur River basin has an area of 1.86 million km 2 which covers the territories of Mongolia, Russia, China, and North Korea. In addition to its transboundary location, the Amur River basin can be characterized by contrasts between other geographical features: Russia and Asia; continental and monsoon climates; and Southern dense and northern sparse populations. The climate of Eastern Amur basin is humid monsoon climate, whose impact can reach the northernmost latitude, while the climate of areas in the west of this basin (upper reach of the Amur River) is sheltered from monsoon influence and arid. The arid western portion of this basin is smaller compared with the more humid Eastern portion [26] .
Long-Term Observed Temperature Data.
Identifying changes in climate extremes demands data quantity as well as data quality, compared with the study of changes in average behaviors. Even a relatively little amount of missing data may lead to the situation that an extreme event has not been recorded, especially when absolute extreme events are being studied [12] .
The daily air temperature data from April 1, 1954 , to March 31, 2013, were collected in this study, and the homogeneity of the data was controlled by the RHtestV.3 software package (http://etccdi.pacificclimate.org/software.shtml) which can be used to detect and adjust multiple shift points. Usually, these shift points exist in a data series that probably has first-order autoregressive errors. The penalized maximal test (PMFT) inside this software is an improved method based on the common-trend two-phase regression model and used wildly to detect the multiple shift points in climate data. The detailed process of PMFT can be seen in literature [27, 28] .
Spring lasts from April to May in the area of Amur River basin, summer lasts from June to August, autumn is from September to October, and winter starts from November and ends in March of the next year [29] . The climatic year is used to calculate AMTS instead of the calendar year, in order to avoid the situation that two continuous annual minima occurred in the same winter. April to March of the next year was considered as a climatic year; for example, 1 April 1954 to 31 March 1955 was considered as 1954. The annual maximum and minimum temperature were collected for every climatic year.
Methodology
The linear tendency estimate approach is used to analyze the changes in trend of annual mean and extreme temperature, combined with the least squares of the residuals, which is widely accepted to estimate the change rate of a time series. The Mann-Kendall rank statistical test (M-K) [30, 31] is employed to assess the statistical significance of a trend. As the M-K test is widely applied to test the trend [1] and detect abrupt changes [1, 32] in climate and hydrology time series, the temperature series for the individuals and area-averaged value of 44 stations are also detected to abrupt change points by M-K test in this study. For the annual temperature series (1 ≤ ≤ ), a sequence statistic is calculated by
where , are data values of annual temperature; is the rank statistic for the data pairs ( , ); is the rank series; is the length of the temperature series.
Under the null hypothesis of no trend, is distributed as a normal distribution with the expected value of ( ) and the variance VAR( ) as follows:
Under the above assumption, the definition of the statistic index is calculated as
where is a standardized variable. Therefore, its sequential behavior fluctuates around zero level. A positive value indicates the upward trend of the temperature series, and vice versa.
Accordingly, the values of can be computed backward similarly as but starting from the end of the series; then and can be plotted to identify the change points.
The generalized extreme value (GEV) distribution is derived from the characterization of extreme behavior [2, 33] . Therefore it is appropriate to use for the annual extreme temperature series, as follows:
Defined on { : 1 + ( − )/ > 0}, −∞ < < ∞ (location parameter), > 0 (scale parameter), and −∞ < < ∞ (shape parameter), and the three extremal types are classified by the shape parameter: the Weibull distribution ( < 0), the Gumbel distribution ( = 0), and the Fréchet distribution ( > 0). The three parameters (̂,̂,̂) are estimated by the maximum likelihood method (MLE).
Then the estimated values for quantiles of the GEV distribution are obtained in terms of the estimated parameters by MLE:̂=
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The chi-square goodness-of-fit test is used to evaluate the validity of the distribution with the MLE results, and its expression is as follows:
where and are the observed and expected frequencies for bin , respectively.
is the cumulative distribution function of the tested distribution, and 1 , 2 are the limits of the bin . In this study, the result should be compared with the critical value 2 , −3−1 on account of three estimated parameters by MLE. If the result is smaller than the critical value, the GEV distribution fits well with the observed values and passes the test at a significant level .
Estimating the return levels of annual extreme temperature events and how often the extreme quantiles occur with certain values are indispensable [33] . The interpretation of return level ( ) with return period is as follows:
The profile likelihoods method (PLM) is used to improve the accuracy of the confidence intervals, and the confidence coefficient is set as 0.95. The profile likelihoods method aims to focus on the parameter of interest in a multiple parameter distribution, and − represents the remaining parameters. The logarithmic likelihood equation for can be expressed as
Based on the estimated parameters by MLE, the confidence interval for parameter of interest can be calculated by PLM, that is, the location parameter :
where 1− indicates the 1 − quantile of chi-square distribution with 1 degree of freedom. According to the definition of GEV distribution, the relation between the quantiles and three parameters can be transformed as
When the quantiles are attempted to be estimated by PLM, we just substitute (10) into (9) and take as a constant value. Then the confidence interval for is obtained by PLM.
When the annual minimum temperature is analyzed, the negative transformation of the data is fitted to the GEV distribution. For performing the extreme value analysis, an open source application R package extreme (http://www.assessment.ucar.edu/toolkit/) was used and it is well suitable for climate applications [2] . 1991, 1995, 1979, 1990, 1979 , and 1979, respectively. Moreover, the frequency distribution of the change points for annual mean value was shown in Figure 2 . 86.36% of stations with change points occurring in 1980s were detected based on the statistical result, and even 61.36% of stations had change points in the late 1980s. The statistical analyses of the pre-and postchange point subseries showed that the temperature increased significantly, and change patterns in individual stations were similar: the mean values increased and the standard deviations were relatively stable, and the increased magnitudes of the mean values ranged from 0.59 to 1.94 ∘ C. The spatial changes of the mean values for the pre-and postchange point subseries were shown in Figure 3 , and CKCA was used to calculate spatial interpolation. The warming phenomenon occurred in the whole basin, and the high-value area became larger, while the low-value area was shrunken. As a whole, the annual mean temperature presented an obvious increase after change point in the Amur River basin.
Results and Discussions
The area-averaged annual mean temperature series was obtained by averaging the 44 stations. Figure 4 presented multiple trend analyses of slope estimator for periods with different start and end years. For the rationality and availability of statistical method, the length of these periods was limited to be more than 28 years. The results indicated strong significant positive trends in temperature with a rate of 0.03-0.55 ∘ C/decade. In particular, the strongest trend (0.55 ∘ C/decade) occurred in the period from 1968 to 1998, while the weakest trend (0.03 ∘ C/decade) occurred in the period from 1957 to 1987. It could be inferred that there might be a big step change for annual mean temperature in Advances in Meteorology 5 
Unit ( ∘ C) late 1980s. Furthermore, the bottom of the black contours in Figure 4 was around 1990 for the -axis, which means that the increased trend turned significant (0.05 significance level) when the evaluation term was long enough (more than 30 years) and with an end year around 1990. It could also determine the conjecture that a big step change occurred in late 1980s, and the result was consistent with the individual stations' statistical analyses above. variation. One significant abrupt change which occurred in 1986 was detected in area-averaged annual mean temperature series and separated this series to two subseries. The multiyear mean value of the two subseries was −0.39 and 0.66 ∘ C, respectively.
At the temporal scale, the climate of the Amur River basin has become significantly warmer in the past 59 years ( Figure 5 ), similarly to Northeast Asia [8] . The significance of increasing trend for the area-averaged annual mean temperature was tested by M-K at 0.01 confidence level. This is consistent with the increasing trend in temperature detected by several other authors. Yu et al. [6] found a significant increase in annual mean temperature from 1950 to 2010, and Advances in Meteorology Novorotskii [7] claimed that the tendency in temperature change in Amur River basin is generally synchronous to the global one, and the annual mean temperature increased by 1.3 ∘ C during the 20th century, based on the long-term observed data from 1891 to 2004. Panin et al. [34] demonstrated a similar conclusion at a bigger scale of the middle and high latitudes of the Northern Hemisphere, and Pan et al. [35] found that the temperature rose significantly since the 1980s in Heilongjiang province, which is in the Chinese part of the Amur River basin.
For the regional scale, the abrupt change of the annual mean temperature occurred during 1980s, combining the results of change detection for 44 individual stations series and their average. Overall, the annual mean temperature showed an increasing trend since 1980s. Consistent with our finding on the annual mean temperature, Pan and Zhang [36] detected the change point which occurred in 1990 in Heilongjiang province by moving -test, and Sun et al. [37] employed the Yamamoto check method to detect the change point that occurred during 1987-1989 in Northeast China.
Extreme Temperature Analysis
Annual Maximum Temperature Abrupt Change Detection.
The annual maximum temperature series was segmented into two subseries in agreement with climate change. The descriptive statistics of the maximum temperature subseries were listed in Table 2 , and the frequency distribution of the change points was shown in Figure 6 . There was no change point to be detected by M-K test in 13 stations, while 31 stations had change points, and their annual maximum temperature series were segmented. For the 13 stations without change point, it could be concluded that the annual maximum temperature of them changed slightly, and the segmentation of their series was canceled. For the subseries of annual maximum temperature in the 31 stations with change point, the mean value was increased, and 26 of 31 stations had the change points that occurred in 1990s. Considering the spatial distribution, the stations without change point in the annual maximum temperature are located mainly in the Eastern and Southern area of the Amur River. For the regional scale, the abrupt change of the annual maximum temperature in the basin occurred during 1990s, combining the results of change detection for 44 individual stations and their averaged value. For the local scale, the changes of the annual maximum temperature for the stations in east and south area of the Amur River basin were negligible.
Annual Maximum Temperature Return Levels Estimations.
The GEV distribution was fitted to the annual maximum temperature series. The chi-square goodness-of-fit test results support the rationality of the GEV distribution for annual maximum temperature. 10/50/100-year return levels for annual maximum temperature were estimated by the profile likelihood method. For the stations with change point, the two subseries were fitted by the GEV distribution, respectively. For the stations without change point, the entire series of the annual maximum temperature was fitted. We took station 50593 as an example to introduce the process of chisquare goodness-of-fit test. The parameter estimates (̂,̂,̂) for 50593 and their standard errors were listed in Table 3 , and they were calculated by MLE. Particularly, the value of corresponded to the Weibull distribution. The diagnosis graphs for fitting the annual maximum temperature in 50593 to GEV distribution were shown in Figure 8 , including probability The "None" indicates no change point was detected by M-K test at 0.05 confidence level, and the descriptive statistics of the whole annual maximum temperature series are filled in the blank of the postchange subseries. Figure 8 : Diagnostic graphs of (a) probability density function, (b) P-P plot, and (c) Q-Q plot for fitting the annual maxima series in station 50593 to GEV distribution.
density function, P-P plot, and Q-Q plot. Both the P-P and Q-Q plots that deviated a little from the straight line suggested that the model fitted well with the observed values. As seen in Figure 8 (a), frequency statistics were divided into 6 bins, and 2 was 1.21 following (7), which is smaller than 2 0.05,2 = 5.99, indicating that the GEV distribution was appropriate for fitting the annual maximum temperature in 50593 at 0.05 significance level.
10/50/100-year return levels for annual maximum temperature were estimated by PLM. For the stations with change point, the postchange point subseries were fitted by the GEV distribution, while the entire series was fitted in stations without change points. Figure 9 showed the spatial distribution of 10/50/100-year return levels for the postchange point subseries of annual maximum temperature. Overall, the probability of occurrence of hot extremes significantly increased for Northwestern regions of the basin, while for partly east and south regions, moderated by the influence of the Seas of Okhotsk and Japan, the change point for the annual maximum temperature series was not detected, and the probability of hot extreme events increased inconspicuously.
Annual Minimum Temperature Abrupt
Change Detection. The annual minimum temperature series was segmented into two subseries in agreement with detected change points. The descriptive statistics of the minimum temperature subseries were listed in Table 4 , and the frequency distribution of the change points for annual minimum temperature was displayed in Figure 10 . There was no change point detected by M-K test in 12 stations, while 32 stations had change points, and their annual minimum temperature series had been segmented. The change points in annual For the subseries of annual minimum temperature, the mean value of stations increased. Taking into account the spatial distribution, the stations without change point in the annual minimum temperature were mainly in the Eastern and Northwestern basin. Figure 11 showed the changes of area-averaged annual minimum temperature in the Amur River basin. The multiyear mean temperature was −32 ∘ C and the linear trend of annual minimum temperature (0.40 ∘ C/decade) was positive. The result of the Mann-Kendall test showed that the change significance is lower than the 0.01 confidence level. One significant abrupt change which occurred in 1981 was detected in the annual minimum temperature series and separated the series into two subseries. The multiyear mean values of the two subseries were −32.85 and −31.32 ∘ C, respectively. For the regional scale, the change point of the areaaveraged series was not representative, even in the middle basin where most stations with change points were concentrated. The occurrence of change points for annual minimum temperature in 32 stations was decentralized, with local differences.
Annual Minimum Temperature Return Levels Estimations.
The GEV distribution was fitted to the annual minimum temperature series using negative transformed data. The chi-square goodness-of-fit test results support the rationality of the GEV distribution for annual minimum temperature. 10/50/100-year return levels for annual minimum temperature were estimated by PLM. For the stations with change point, the postchange point subseries were fitted by the GEV distribution, while the entire series was fitted in stations without change points. Figure 12 displayed the spatial distribution of 10/50/100-year return levels for the postchange point subseries of annual minimum temperature. Overall, for the central regions of the basin, the probability of occurrence of cold extremes increased, while for the regions in the Eastern and Northwestern basin, moderated by the influences of the maritime climate and Siberian High in winter, respectively, the annual minimum temperature changed slightly. The increase in temperature intensity is a widespread phenomenon of global scale, and regional and local differences in magnitude and other characteristics also exist generally [8, 38] . For the extreme temperature of the Amur River basin, the local differences are very obvious. The increase in annual maximum temperature from observations at the 31 stations in central and northwest of the basin is consistent with the changes of the annual mean values, so is the increase in annual minimum temperature from observations at the 32 stations in the central basin. There are many reasons that could cause local differences, such as the latitude and altitude, the irregular topography, and the continental and marine climate. Particularly, researches on evaluating the impact of the Arctic Oscillation, the East Asian winter monsoon, Siberian High, and some factors of regional climate have been a popular trend [39] [40] [41] , but it is not the point in our analyses, and detailed research on this issue can be considered in the future.
Conclusions
Climate changes for the annual mean and extreme temperature were detected by the M-K test, respectively. The annual mean temperature series increased significantly in whole basin, and the change points detected in all stations mostly occurred in 1980s. However, the changes of the extreme temperature presented obvious local differences compared with the mean value. The stations in Eastern and Northern basin had no change points for the annual maximum temperature, while other stations had change points that mainly occurred in 1990s, but not as concentrated as the mean value. Similarly, for the annual minimum temperature, there is no change point to be detected in 12 stations mainly located in Eastern and Northwestern basin. The change points of the other 32 stations occurred dispersedly. In addition, similarly to Novorotskii's point of view [7] , the increasing amplitude of the annual minima was greater than the annual maxima at the regional scale, while some individual stations presented local difference. The Northwestern stations had significant changes in annual maximum temperature, but no significant changes in annual minimum temperature.
Under climate change, the extreme climate events occurred frequently in Amur River basin, such as the heat wave in 2010 summer and the catastrophic floods in 2013. Estimating the accurate return levels for the extreme temperature was necessary. GVE distribution was used to fit the annual extreme temperature series in individual stations. The postchange point series was fitted in stations with change points, while the entire series was fitted in stations without change points. The regional spatial distribution of 10/50/100-year return levels presented the probability that occurrence of cold extremes in the central basin decreased, while the probability of occurrence of hot extremes in the central and Northwestern basin increased. It displayed a more severe situation and challenge for China and Russia to withstand extreme climate events and natural disaster together under climate change. Further work will focus on the relationship between extreme precipitation and extreme temperature and the potential impact of extreme weather on the river discharge, in order to provide references for the development of water resource in Amur River basin.
